Lifestyle and dietary changes have led to rise in noncommunicable diseases such as diabetes, obesity, and cardiovascular disorders, accounting for increased mortality and morbidity in many parts of the world including developing countries. Obesity has doubled since 1980s and continues to be a growing problem of our times. Public health policies to address obesity are evolving in connection with dynamically changing human behaviors and complex interactions with the environment. However, designing and testing of new interventions are expensive and time-consuming. Computational simulations to model interventions offer useful tools to compare the effectiveness of potential interventions. In this article, we discuss a popular computational approach, agent-based modeling (ABM), to address the global challenge of childhood obesity through modeling of different interventions as described in the literature.
A ccording to the World Health Organization (WHO), obesity and overweight are defined as abnormal or excessive fat accumulations that may impair health. [1] Obesity is a risk factor for multiple noncommunicable diseases including cardiovascular problems, diabetes, musculoskeletal disorders, and certain cancers. It has a variety of adverse effects on blood pressure, cholesterol, triglycerides, and insulin resistance. Risks of coronary heart disease, ischemic stroke, and type 2 diabetes mellitus increase with corresponding increases in body mass index (BMI). Higher BMI increases the risks for certain cancers: breast, colon/rectum, endometrium, kidney, esophagus, and pancreas. [2, 3] Obesity and overweight are measured using the BMI, a simple index given by weight-byheight-squared. BMI values are classified by the WHO as follows: [4] • Underweight: BMI <18. 5 • Normal: BMI 18.5-24.99 • Overweight: BMI ≥25 and • Obese: BMI ≥ 30.
I n 2 0 1 4 , g l o b a l l y , 3 9 % o f a d u l t s (age >18 years) were overweight and 13% obese. The 2010 WHO report "Global Status Report on Noncommunicable Diseases" stated that 2.8 million people die each year as a result of being overweight or obese. [3] An estimated 35.8 million "Disability-Adjusted Life Years" are attributed to overweight or obesity. [5] By 2030, the projected population will include 2.16 billion overweight and 1.12 billion obese individuals [Figures 1a and b] . [6] Industrialization and agricultural advances have led to a rapidly changing society in the 21 st century. There is a rise in sedentary lifestyles aside calorie-rich diets, reduced strenuous physical activity, and decreased energy expenditures. In the past decade between 2007-2008 and 2015-2016 , rise in obesity in American adults persisted, while there were no significant trends observed in American youth. [7] Concurrent with their rising economic growth, low-and middle-income countries such as India, Brazil, China, and others are seeing increase in obesity among their populations. [8] [9] [10] [11] [12] [13] Reduction of obesity is now an important public health goal in many countries and also included among the WHO global nutrition targets for 2025. In fact, the United Nations Sustainable Development goals include obesity reduction as part of the nutrition relevant goals for 2030. [14] Several nations are beginning to address overweight and obesity through different interventions including education, taxation on high-calorie foods, investments in preventive care, improved nutrition supply chains, marketing regulations, and food labeling. [13, 15, 16] Such steps may lead to corresponding declines in the prevalence of type 2 diabetes and other comorbidities. A particular challenge in public health nutrition pertains to childhood obesity that often continues into adulthood, with increased risks for type 2 diabetes, cardiovascular disease, hypertension, and polycystic ovarian syndrome. [17] Overweight and obesity in children aged between 5 and 19 years are defined as follows:
• Overweight: BMI-for-age >1 standard deviation above the WHO growth reference median • Obesity: BMI-for-age >2 standard deviations above the WHO growth reference median.
Other measures to determine overweight/obesity include bioelectric impedance analysis cutoff, triceps skinfold cutoff, waist circumference, and waist-to-hip ratio cutoff.
According to the WHO, 41 million children (<5 years) worldwide were found to be obese/overweight in 2016. [18] The concurrent rise of obesity across the globe appears to be driven by changes in the global food system, taking place in an obesogenic environment. The advent of developed transportation systems, food manufacturing and processing plants, and rapid urbanization has led to an increased availability of low-cost, high-calorie, and nutrient-poor foods with high sugar, salt, and fat over the last four decades. [10] In addition to physical health, obesity in childhood can also have significant psychological impact including recurrent depression. [19] Studies of obese adolescents have indicated bullying and victimization by peers leading to social isolation, withdrawal, and depression. [20] [21] [22] Most adolescents in the absence of good familial/ social relationships may develop eating disorders perpetuating the cycle of poor diets and unhealthy lifestyles [ Figure 2 ].
Strategies to prevent childhood obesity and subsequent spillover effects into adulthood involve multimodal interventions at various settings -home, school, and community. In Singapore, for example, an 8-year school-based campaign with government support was successful in reducing the prevalence of obesity from 16.6% in early 1990's to less than 14.6% in 1988. [23] Developing countries such as India are experiencing rapid socioeconomic growth and increase in disposable incomes along with a concurrent rise in obesity among their children. In 2010, pooled estimates from 52 studies conducted in 16 Indian states indicated a combined prevalence of 19.3% childhood overweight and obesity compared to 16.3% reported in [2001] [2002] [2003] [2004] [2005] . [24] Cases such as the one described below are becoming increasingly common, particularly in urban areas. [25] Targeted interventions to reduce obesity are usually difficult, time-consuming, and expensive and may have little effectiveness over a larger population. This is because of individual-level heterogeneity in terms of one's diet and lifestyle choices. Targeted interventions can be effective when combined with alternate strategies to combat resistance to the proposed intervention and a laggard response from the population.
Such concerns underscore the importance of harnessing computer simulation models to test an intervention in virtual but demographically realistic populations.
Computational modeling is commonly used in finance and engineering. In healthcare, computational modeling is only now beginning to be applied to solve large-scale complex problems such as non-communicable diseases.
Testing Interventions with Agent-Based Modeling
Advances in computational capacity and mathematical algorithms have led to the development of simulation models that can test interventions and compare different interventions to demonstrate cost-effectiveness. Agent-based modeling (ABM) is a computational modeling approach where system-level phenomena can be observed by modeling individual behaviors and their interactions with each other and their environment. [26, 27] An agent is an individual and may represent a human, an organism, a business, or any entity that pursues a unique goal. Agents can vary in terms of their characteristics such as size, location, resources, and history. [28] Studies in social sciences and epidemiology define agents as individuals who live and interact in a virtual society. Deterministic or probabilistic rules determine how agents interact with themselves as well as the environment under specified conditions.
In an ABM, a researcher builds a simulated environment that represents a simplified version of the real-world processes of interest and observes the consequences of manipulation of key variables on attitudes and behaviors of individual agents. [29] For example, each agent may be a student who goes to school in the morning and returns home in the evening. Simulations enable researchers to test interventions such as riding a bicycle to and from the school and observe outcomes. Changes such as alterations in food supply, introduction of new market players, and regulatory policymaking can be built into the model to study their effects. For instance, costs of products in a simulated environment could be varied to observe changes in agent purchasing behaviors that may negatively impact the intervention. A model is built through a series of steps [ Table 1 ] that include parameter inputs to test various hypotheses or scenarios. [29] An ABM is often calibrated with real-world data.
Open source platforms are available to build and implement ABMs. Repast (repast.github.io/index.html), Anylogic (anylogic. com), and NetLogo (ccl.northwestern. edu/NetLogo) are commonly used. Choice of software may be determined by cost, ease of programming, power, and preference. [29] Another platform is the Framework for Reconstructing Epidemiological Dynamics (FRED) developed by the Public Health Dynamics Laboratory at the University of Pittsburgh (fred.publichealth.pitt. edu/). [30] FRED is used by researchers to test public health interventions such as school closures and effect of vaccinations [ Table 1 ]. [ 30] Synthetic populations are created to mimic real populations in terms of their demographics, socioeconomic patterns, and behavioral characteristics. An advantage of using synthetic populations is that real-life individuals are not at risk of being identified, thereby making a broad range of intervention studies more ethically acceptable. This allows a researcher to simulate and study disease spreads, illness trajectories, cost-effectiveness of interventions, population outcomes for real-time decisionmaking, and so on.
Indeed, some ABM studies have focused on obesity even though obesity is a highly complex phenomenon. An early use of ABM in childhood obesity is SimObesity, [31] in which researchers developed a spatial microsimulation model of obesogenic environments for children in Leeds, [35] Model included eight attributes of children -age, gender, height, body weight, BMI, weight status, daily caloric intake, and energy expenditure Authors assumed three scenarios based on three levels of physical activity -low, medium, and high. All children in the simulation were assumed to have the same profile for physical activity
The simulation suggested moderate activity could help reduce obesity prevalence. The authors proposed extending ABM applications to answer deeper questions on childhood obesity Case study 3: Adolescent social networks and childhood obesity [36] Zhang et al. examined the role of adolescent social networks to address overweight and obesity using ABM Authors built an ABM of adolescent BMI and tested the impact 5 social networks on combined overweight and obesity prevalence
The authors demonstrated that given an individual predisposition to gain weight, social norms could serve as a check (negative feedback)
Case study 4: Social network analysis for epidemiology [37] Sayed et al. built an ABM social network model of obesity for England's population to study intervention effectiveness The model found that highly networked individuals were not more likely to reduce obesity prevalence than interventions using random populations NHANES=National Health and Nutrition Examination Survey, BMI=Body mass index, RMR=Resting metabolic rate, ASAP=Active schools acceleration project, HKOS=Healthy kids out of school, ABM=Agent-based modeling UK. In this study, individual-level microdata were drawn from two national surveys and, the UK 2001 census to create a synthetic population. Additional variables such as health, environment, and socioeconomic status were added to create microlevel estimates of the obesogenic environments. Results indicated that social capital and poverty were strongly associated with childhood obesity. [31] Additional studies addressing childhood obesity are described in Table 2 .
Discussion
With the advent of rapid urbanization and upward mobilization, the upwardly mobile middle class in many developing countries is now exposed to Western diets that are higher in caloric content than traditional diets. Increases in income may have large effects on calorie intake. Rapid urbanization has reduced energy expenditures through reduced physical activity, increased sedentary lifestyles, and an increased uptake of alcohol and tobacco. [32, 33] There are significant costs and logistical difficulties with planning, developing, and implementing interventions with real populations. Testing different hypotheses through ABM simulations may provide useful insights about efficacy (and costs) of interventions and appropriate allocation of resources to maximize outcomes. Researchers could track synthetic populations longitudinally using ABM to demonstrate long-term impacts of prospective interventions while evaluating them and making necessary corrections along the course. ABM has the potential to address public health challenges such as noncommunicable diseases in general and its manifestations like childhood obesity in particular. In addition to social influences, incorporating health behaviors including population genetics, diets, lifestyles, environments (e.g., suitable public spaces such as walking paths and occupational exposures), and factors such as food supply chain would serve to further enhance the simulation models. The available datasets in India include the National Family Health Survey, [38] National Nutrition Monitoring Board, [39] Annual Health Survey, [40] District Level Health Survey, [41] and Census data [42] . The flexibility afforded by ABM in modeling interactions between individual agents and their environments is particularly useful for comparing interventions across space and time.
Toward this end, building capacity in disease modeling is necessary for developing a network of health professionals who can provide actionable inputs including modeled scenarios to policymakers and health systems within their respective spheres of influence. Focused workshops [43] can prepare researchers to use ABM and other computational techniques as means to understand and address complex public health problems for informed and timely policymaking.
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